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Abstract

Mountainous road corridor landslides pose major dangers to infrastructure and transporta-
tion networks in areas with rugged terrain, fractured limestone lithology, and road-induced
instability. This research presents a segment-based Random Forest (RF) model to evaluate
landslide susceptibility along a mountainous road corridor spanning about 20 km in north-
eastern Iraq. Ten conditioning factors for landslide susceptibility were determined using
Google Earth Engine (GEE) and GIS analysis. The model, validated using a 70/30 train/test
split, achieved a mean cross-validation AUC of 0.783 ± 0.072 and an independent test AUC
of 0.725 (accuracy = 0.735; Cohen’s Kappa = 0.401; recall = 0.750). To carry out independent
multi-scale validation, the RF susceptibility maps were compared with a high-resolution
SLAM LiDAR–AHP susceptibility approach within an overlapping ~2 km subsection,
providing cross-scale validation of corridor-scale RF susceptibility predictions using a
high-resolution susceptibility mapping framework. Comparison of the two approaches
showed high spatial agreement, with 88.9% of the 18 overlapping segments exhibiting
exact or one-class agreement between the two approaches.

Keywords: fractured limestone; geomorphological inventory; infrastructure risk; multi-
scale validation; slope instability

1. Introduction
Landslides constitute major hazards in mountainous areas, threatening human lives,

transportation systems, and slope stability [1,2]. These hazards are often intensified along
roadsides, where cut-slope excavation increases failure risk through concentrated runoff
and weakened rock structure. In such circumstances, it is necessary to identify hazardous
locations using geospatial susceptibility assessment techniques [3,4].

During the past few decades, machine learning algorithms have frequently been
employed to generate landslide susceptibility maps. This is because they can model
complex, nonlinear relationships between conditioning factors and landslide occurrence
without requiring physical assumptions [5,6]. The use of Random Forest (RF) in this context
is advantageous because the algorithm offers high stability, tolerance to various data types,
and resistance to overfitting [7]. Nevertheless, most previous studies have been conducted
at a regional scale using grid-cell mapping units, whereas mountainous roads require a
more local approach [3].
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Several landslide susceptibility studies in the hilly areas of northeastern Iraq and
the Zagros Fold-Thrust Belt have applied Geographic Information Systems (GIS) and
remote sensing techniques. An automatic landslide-mapping framework combining high-
resolution imagery with geomorphometric analysis was proposed for the Kurdistan Region,
emphasizing the effects of geology, slope gradient, and landscape morphology on landslide
occurrence [8]. In another study, several landslide susceptibility models were compared in
the Mawat region of northeastern Iraq, highlighting the crucial role of geomorphometric
and geological parameters in susceptibility modeling [9]. Other regional-scale applications
of GIS- and remote-sensing-based susceptibility mapping include evaluating terrain, geo-
logical, hydrological, and environmental datasets to identify landslide-prone hilly regions
in the Kurdistan Region [10,11].

Despite such advancements, most earlier regional research has primarily focused
on susceptibility zoning using raster datasets derived from large landslide inventories.
However, susceptibility assessment tailored to narrow mountainous roads has rarely been
attempted. These roads are highly vulnerable because of their geomorphological and
structural characteristics. In addition to landslide assessment, spatial decision support
systems developed using GIS technology have been employed effectively to address issues
related to infrastructure development in the region [12].

In the context of corridor-based studies, one significant limitation is the lack of com-
prehensive landslide inventories. Given this situation, an appropriate method is to develop
a training set through systematic geomorphological analysis of observed signs of instability.
This method is particularly suitable when the objective is not only prediction but also
the development of a physically based susceptibility model consistent with the geological
characteristics of the corridor [13].

Moreover, high-resolution Light Detection and Ranging (LiDAR) data have greatly
enhanced the representation of slope morphology, rock outcrops, breaks in slope, and other
topographic attributes associated with instability [14]. In addition, high-resolution terrain
analysis contributes to a better understanding of surface processes and geomorphological
variability in complex mountain areas [15]. However, LiDAR-based information is usually
available at a local scale and cannot support corridor-wide analysis without additional data.

To bridge this knowledge gap, this paper develops a susceptibility model based on
segment-wise RF classification for a lithologically homogeneous road corridor in north-
eastern Iraq. The corridor is distinguished by its road-cut slopes, limestone outcrops, and
rugged topography. These conditions contribute to slope instability and landslide suscep-
tibility. In contrast to other regional studies, this study area was restricted to maintain
geological homogeneity rather than being extended solely to increase the sample size.

Accordingly, this study aims to develop a segment-based Random Forest model for
landslide susceptibility assessment along a ~20 km mountainous road corridor. The model
is supported by a geomorphology-informed labeled dataset developed under limited-
inventory conditions. It identifies the key conditioning factors governing slope instability.
It also evaluates the spatial consistency of the model outcomes by comparison with an
independent high-resolution LiDAR–Analytic Hierarchy Process (AHP) susceptibility
framework within an overlapping ~2 km subsection. The study presents a multi-scale
evaluation framework that integrates corridor-scale RF susceptibility assessment with
independent high-resolution SLAM LiDAR–AHP susceptibility mapping.

2. Materials and Methods
2.1. Study Area

The investigation area is located in As Sulaymaniyah Governorate, northeastern Iraq.
The road corridor is approximately 20 km long. It extends from 44◦54′10′′ E to 45◦03′10′′ E
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and from 35◦55′50′′ N to 35◦59′50′′ N (WGS84), as shown in Figure 1. Although the
geographic extent of the study area is ~14 km × 7 km, the reported road length was
measured along its winding alignment through the mountainous terrain, rather than as
a straight-line distance. Field surveys indicate that the site consists of rugged limestone
terrain. Road cuts increase the likelihood of slope failures. The study site was carefully
selected to maintain lithological homogeneity while representing variations in rock units
and failure types.

 

Figure 1. Location of the study area in northeastern Iraq, showing the ~20 km road corridor with the
163 segments classified as stable (n = 122) and unstable (n = 41), and the overlapping LiDAR–AHP
subsection (~2 km). Basemap source: Esri World Imagery (accessed in 2026) and administrative
boundaries from GADM.

A 2 km section, also depicted in Figure 1, was previously mapped using handheld Si-
multaneous Localization and Mapping (SLAM) technology (STONEX X120GO SLAM Laser
Scanner; STONEX Srl, Paderno Dugnano (MI), Italy) and an AHP-based susceptibility as-
sessment. In this research, the LiDAR dataset was applied as an independent reinforcement
layer to compare RF susceptibility assessments within the overlapping section.

The study site was divided into 163 segments (100 × 100 m), including 122 stable
and 41 unstable segments. Segments with geomorphological instability scores of 0–2 were
classified as stable, whereas those with scores of 3–5 were classified as unstable, as described
in Section 2.4. The selected segment size matched the spatial resolution of the conditioning
factors used in the analysis. Ten conditioning factors were used in the RF model, whereas
the LiDAR–AHP analysis was limited to the overlapping section.
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2.2. Overall Methodological Framework

Figure 2 outlines the methodological framework used for corridor-scale land-
slide susceptibility analysis. The method includes corridor segmentation, geomorpho-
logical instability analysis, binarization, conditioning-factor extraction, and RF-based
susceptibility modeling.

 

Figure 2. Overall methodological workflow.

The methodology comprised corridor segmentation, visual interpretation of instability
indicators, geomorphological instability labeling, and conditioning-factor extraction using
Google Earth Engine (GEE; Google LLC, Mountain View, CA, USA) and ArcGIS Pro 3.4
(Esri Inc., Redlands, CA, USA). RF-based susceptibility analysis and model-performance
evaluation were conducted using Python 3.14.3 (Python Software Foundation, Wilmington,

https://doi.org/10.3390/geohazards7030093

https://doi.org/10.3390/geohazards7030093


GeoHazards 2026, 7, 93 5 of 22

DE, USA) through Visual Studio Code 1.131.0 (Microsoft Corporation, Redmond, WA, USA).
An overlapping ~2 km subsection was included for independent multi-scale validation. It
was assessed using handheld SLAM LiDAR and a GIS-based AHP susceptibility framework.
For each segment, RF and LiDAR–AHP susceptibility classes were compared through
ordinal agreement analysis.

The approach was designed for low-inventory scenarios. Its mapping units represent
upslope hazard source zones associated with the road corridor rather than regional raster
cells [3].

2.3. Corridor Segmentation and Mapping Unit Definition

This corridor is subdivided into 163 segments, each measuring 100 × 100 m, in
Google Earth (Google LLC, Mountain View, CA, USA). Segments were outlined in upslope
areas near the road corridor, considering the occurrence of geomorphological instability
indicators based on visual interpretation. Due to the curved alignment of the road corridor
on the mountain slopes, potential hazard source areas can change location between opposite
sides of the slope. This depends on topographic conditions and road alignment. This
subdivision ensures that the map units reflect the relevant slope area within the terrain,
rather than random grids covering the entire area [3,16]. Although each mapping unit has
a square geometry (100 × 100 m), it represents a consecutive section of the road corridor
and its associated upslope hazard area. Therefore, the term “segment” is used in this study.

The chosen segment size matched the spatial scale of the conditioning factors. It was
selected to balance local terrain variability, sufficient data for robust statistical analysis, and
a practical evaluation unit for engineering slope assessment. At this scale, each segment
contains ~100 raster cells from the 10 m resolution datasets used for factor extraction,
providing sufficient representation of topographic and environmental variability within
each mapping unit.

The number of segments is a design decision intended to ensure that the analyzed
corridor remains within a predominantly fractured carbonate rock setting throughout the
project area. If the study area had been extended simply to obtain a larger sample size, this
would have resulted in more heterogeneous geological and geomorphological conditions
outside of the core area of interest.

The segmentation process did not include areas that did not contribute to the analysis.
Hence, the segments used in the analysis were created through topographic segmentation
with respect to slope and hazard-source zones. To achieve geometrical consistency, square
segments were used in the analysis. The distribution of the segmentation mapping units is
presented in Figure 1.

2.4. Instability Indicators, Score Construction, and Binary Labeling

Each segment was visually examined based on five geomorphological categories:
scar, debris, fracture, disturbance, and bare rock. ‘Scar’ represents the presence of slope
scarp failure; ‘debris’ represents the occurrence of deposition of colluvium. ‘Fracture’
represents discontinuities, whereas ‘disturbance’ represents surface disturbance. ‘Bare
rock’ is defined as a rocky outcrop with minimal vegetation cover. These categories were
selected considering their suitability from the perspective of field studies and literature
reviews [14,17]. The geomorphological interpretation and indicator identification were
conducted by the authors through analysis of 2024 Google Earth imagery alongside field
observations. It should be noted that Google Earth image analysis has been frequently
applied to landslide investigations in areas where no field-based inventories have been
made [18]. Stable segments with no noticeable instability characteristics and unstable
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segments with fractures, bare rocks, and disturbances on the slope are shown in Figure 3a,b
and Figure 3c,d, respectively.

 

Figure 3. Representative examples of stable and unstable segments identified from Google Earth
imagery (2024) along the study corridor in northeastern Iraq. Panels (a,b) represent stable segments
with limited geomorphological evidence of instability, while panels (c,d) represent unstable segments
characterized by geomorphological features such as limestone slope failures, fracture zones, and
scarps. The center coordinates of the segments in panels (a–d) are 35.968647◦ N, 45.015405◦ E;
35.972660◦ N, 45.037990◦ E; 35.943229◦ N, 44.988864◦ E; and 35.984458◦ N, 45.048412◦ E, respectively.

Boundary segments used for the classification system adopted above are shown as
representative examples in Figure 4. The segments with a score of 2 are shown in panels
(a–c), while segments with a score of 3 are shown in panels (d–f). Each feature received
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either a presence (1) or absence (0) value, and the instability score for each segment was
calculated using Equation (1):

Total Score = Scar + Debris + Fracture + Disturbance + Bare Rock (1)

 

Figure 4. Representative examples of segments located at the classification boundary of the
adopted binary labeling scheme. Panels (a–c) show segments assigned a score of 2, whereas panels
(d–f) show segments assigned a score of 3. The center coordinates of panels (a–f) are 35.974381◦ N,
45.045657◦ E; 35.979441◦ N, 45.049547◦ E; 35.978186◦ N, 45.047558◦ E; 35.958837◦ N, 44.989783◦ E;
35.977784◦ N, 45.046554◦ E; and 35.931862◦ N, 44.974132◦ E, respectively, in the WGS 84 geographic
coordinate system.
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Those segments with total scores between 0 and 2 were classified as State = 0, whereas
those with total scores between 3 and 5 were classified as State = 1. Accordingly, the labeling
criterion was defined as Score ≥ 3, indicating that at least three different geomorphological
features must co-occur within a single segment. This particular threshold is in line with
the idea that slope instability can be more accurately determined using the co-occurrence
of multiple geomorphological features rather than a single one. This concept has been
widely applied in slope stability assessment [19]. Moreover, slope instability in carbonate
terrains is normally determined by the combination of geological, geomorphological, and
weathering effects instead of individual factors [20].

This threshold minimizes the likelihood of misclassification by requiring at least
three instability indicators within a single segment. However, the interpretation strat-
egy employed a conservative methodology. Features that exhibited partial expression or
geomorphological uncertainty were not discarded when there was reasonable evidence
of terrain instability. This methodology helped to minimize the probability of overlook-
ing any potentially unstable areas. The final dataset includes 163 segments comprising
122 segments of stability and 41 segments of instability.

In order to validate the geomorphological appropriateness of the chosen threshold,
some samples from each boundary type were inspected on Google Earth imagery and
during field observations (Figure 4). While segments classified as Score = 2 tend to show
weak or inconclusive geomorphological evidence of instability, segments classified as
Score = 3 present several co-existing geomorphological signs of slope instability. No scar
marks were detected in any segments classified as Score = 2. In contrast, scar marks were
present in approximately half of the segments classified as Score = 3. Landslide scarps can
be considered as direct evidence of slope instability due to the presence of direct signs of
slope movement and material transport [2]. Debris accumulations are widely recognized as
key diagnostic indicators in geomorphological landslide inventories [18]. The comparison
of boundary classes consequently provides additional support for the adopted threshold
(Score ≥ 3), which represents a transition from isolated geomorphological expressions to
more evident instability conditions.

Considering the lack of a landslide inventory database, the chosen scoring method
enables an objectively consistent surrogate through observation-based geomorphology.
Minor missing data (n = 4) were scored as zero since no observable signs of instability were
observed in the interpreted image, thus ensuring consistency in score assignment. The
chosen methodology is analogous to heuristic and index-based susceptibility studies under-
taken with limited availability of data [1,3]. The spatial distribution of geomorphological
instability scores (0–5) is presented in Figure 5 and further discussed in Section 3.

2.5. Conditioning Factors and Segment-Based Extraction

All ten conditioning factors have been considered in the model construction. The
above-mentioned parameters were created with the use of GEE and were extracted at the
segment scale using zonal statistics and spatial table joins in ArcGIS Pro 3.4. In this way, all
predictor variables for all 163 segments have been obtained. Conditioning factors that have
been used include those related to terrain, hydrology, vegetation, and land cover, such as
the Topographic Wetness Index (TWI) and Land Use/Land Cover (LULC). Conditioning
factors, their sources, spatial resolution, and temporal extent used in constructing the RF
susceptibility model are outlined in Table 1. The analyzed road corridor is predominantly
characterized by exposed fractured carbonate rocks. The selected conditioning factors
represent the spatial variability of terrain, hydrological, vegetation, and land-cover char-
acteristics within this environment. GEE is very convenient for carrying out geospatial
calculations and extracting environmental factors within a GIS framework [21].
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Figure 5. Spatial distribution of geomorphological instability scores (0–5) across the 163 segments of
the study corridor, using a graduated color scheme from dark green (Score 0, most stable) through
light green, yellow, orange, and orange-red to dark red (Score 5, most unstable). Basemap source:
Esri World Imagery (accessed in 2026).

Table 1. Conditioning factors, source datasets, spatial resolution, and acquisition period used in the
RF susceptibility model.

Conditioning Factor Source Dataset Spatial Resolution Acquisition Year/Access
Year

Mean elevation Copernicus DEM GLO-30 Resampled to 10 m Accessed in 2026
Relief Copernicus DEM GLO-30 Resampled to 10 m Accessed in 2026

Mean slope Copernicus DEM GLO-30 Resampled to 10 m Accessed in 2026
Maximum slope Copernicus DEM GLO-30 Resampled to 10 m Accessed in 2026

Minimum distance to
drainage DEM-derived drainage network Resampled to 10 m Accessed in 2026

Mean curvature Copernicus DEM GLO-30 Resampled to 10 m Accessed in 2026
Mean TWI Copernicus DEM GLO-30 Resampled to 10 m Accessed in 2026

Mean NDVI Sentinel-2 10 m April–October 2024
(median composite)

LULC Dynamic World V1 land-cover
dataset 10 m April–October 2024

(median composite)
Minimum distance to road Digitized GIS road corridor layer — Accessed in 2026

Digital Elevation Model (DEM)-based parameters were resampled to 10 m resolution
to be aligned with Sentinel-2 and Dynamic World datasets when extracting segments. In
addition, Sentinel-2 imagery acquired from April to October 2024 was used to generate a
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cloud-filtered median composite to maintain seasonal consistency during factor extraction.
As a result, possible time differences between the conditioning factors and geomorphologi-
cal data could also be avoided. Vegetation was defined using the Normalized Difference
Vegetation Index (NDVI) calculated from Sentinel-2 data.

In order to retain consistency in the spatial representation of conditioning factors at
the segment scale, the extraction process was conducted to preserve this representation.
The mean value of conditioning factors indicates the condition of each segment, while the
Maximum slope value is used for identifying critical steepness. This is conducted in such
a way that both the overall slope conditions and local steepness can be included in the
analysis. Minimum distance to drainage and Minimum distance to road are distance-related
variables, and thus the minimum distance representation is used.

Density of lineaments was not included since its reliable extraction from Google Earth
imagery at this level could lead to artificial structuring [22]. Other conditioning factors
considered at a local scale for the LiDAR-AHP reinforcement approach are discussed
separately in the reinforcement methodology section.

2.6. Random Forest Model Development

The data for the last part of the dataset were analyzed using Python 3.14.3 through
Visual Studio Code 1.131.0. RF was chosen because of its ability to represent nonlinear func-
tions and handle predictors of different types without the need for stringent distributional
assumptions [7]. This makes RF an appropriate choice for datasets related to environmental
and geomorphological conditions [6].

RF is resilient to correlated independent variables and does not require complete inde-
pendence among the conditioning variables. This makes it appropriate for environmental
datasets, in which some correlation between independent variables is expected [7,23]. Mul-
ticollinearity was assessed using both the Pearson correlation coefficient and the Variance
Inflation Factor (VIF). While Pearson correlation was used to detect strongly correlated
factor pairs, VIF was applied to evaluate the multivariate collinearity among the condi-
tioning factors. The detailed VIF results are provided in Supplementary Table S1. Three
topographic factors (Mean slope, Relief, and Mean elevation) exhibited high VIF values. As
a robustness analysis, the RF model was rebuilt after removing the three topographic factors
with the highest VIF values (Mean slope, Relief, and Mean elevation). The reduced model
showed lower predictive performance across all evaluation metrics than the full model
(with ten factors). Therefore, all ten conditioning factors were retained in the final model.

The model was fitted using the ten conditioning variables as predictors and State
as the binary target variable. The dataset consisted of 122 stable and 41 unstable seg-
ments (roughly a 3:1 ratio). The RF hyperparameters were initially selected based on prior
modeling experience and preliminary experimentation. To verify the selected configu-
ration without potential test-set feedback, additional hyperparameter optimization was
performed. GridSearchCV from scikit-learn 1.8.0 was applied exclusively to the training
subset (70% of the data). Stratified five-fold cross-validation was used with the mean
Receiver Operating Characteristic–Area Under the Curve (ROC–AUC) as the optimization
criterion, and 180 hyperparameter combinations were evaluated. Based on this analysis, the
original RF configuration was retained for the final model. The adopted hyperparameter
values were 400 trees, a maximum tree depth of 10, and a minimum leaf size of 2. At each
split, the number of features was set to the square root of the total number of features [24].

A threshold value of 0.25 was used rather than the default value of 0.50. It was
selected through a threshold sweep analysis (0.05–0.95, step = 0.05) conducted on the
independent test subset. The F1-score and Youden’s J statistic (Sensitivity + Specificity − 1)
were used as optimization criteria. This threshold was adopted to be more sensitive to
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unstable segments in classification problems with imbalanced data distributions [25,26].
Both criteria identified 0.25 as the optimal threshold (F1 = 0.581; J = 0.480) (Supplementary
Figure S1). In addition, the class threshold was tuned toward the unstable class to address
class imbalance. This increased its sensitivity in predicting unstable segments [27,28].

Model validation employed a stratified split of 70% for training and 30% for testing
with a fixed random state of 42. Hyperparameter optimization was performed exclusively
on the training subset, whereas the independent test subset was reserved solely for the
final model evaluation. Model creation and training were performed using the Python
programming language in the Visual Studio Code editor.

In order to test whether the model was biased toward vegetation information, an
additional robustness analysis was conducted. The Random Forest (RF) model was rebuilt
without Mean NDVI while retaining the same training/testing dataset split, RF hyperpa-
rameters, and classification threshold. The resulting model was evaluated using the same
performance metrics as the full model.

2.7. Model Evaluation

Performance of the model was assessed through Accuracy, Area Under the Receiver
Operating Characteristic Curve (AUC), Precision, Recall, F1-score, Specificity, and Cohen’s
Kappa. Such measures are broadly used for classification evaluation under imbalanced
settings [26,29]. Sensitivity (Recall) was viewed as highly valuable for the current case
since it reflected the proportion of unstable segments correctly detected. The Receiver
Operating Characteristic (ROC) curve and confusion matrices provided additional insights
into discrimination ability and errors made during the classification process [30]. In
addition, five-fold stratified cross-validation was conducted during model development
to assess model performance on the training dataset [6]. To examine the robustness of
the Random Forest (RF) model given the limited number of unstable segments, Monte
Carlo cross-validation (MCCV) was performed. The analysis used 500 repeated stratified
random 70%/30% train/test splits. During each iteration, the RF model was trained on the
training subset and evaluated on the independent test subset. The same RF hyperparameter
configuration and classification probability threshold (0.25) were maintained. The resulting
performance metrics were summarized using their mean values and corresponding 95%
empirical percentile intervals.

2.8. Corridor-Scale Susceptibility Mapping

The RF model trained using the 70% training subset was subsequently applied to
all 163 segments to estimate the landslide susceptibility probability of each segment (RF
probability). The independent 30% test subset was used exclusively to evaluate model
performance before generating the corridor-scale susceptibility map. RF probabilities were
divided into four categories according to the Jenks Natural Breaks classification system:
Very low, Low, Moderate, and High. This classification supported the visualization of
landslide susceptibility and ordinal comparisons between classes generated by the RF and
LiDAR–AHP approaches. The Jenks Natural Breaks algorithm classifies continuous RF
probability values by minimizing within-class variance and maximizing between-class
variance. The corresponding probability boundaries are provided in Supplementary Table
S2. The classification of susceptibility into four categories is consistent with previous land-
slide susceptibility studies that adopted a Very low, Low, Moderate, and High classification
framework [31,32]. This method preserves the natural probability structure of RF probabili-
ties and allows for an ordinal comparison of the LiDAR-AHP and RF susceptibility classes.
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2.9. LiDAR–AHP Reinforcement and Ordinal Comparison

Previously generated high-resolution susceptibility maps existed for the ~2 km cor-
ridor section. This dataset was incorporated as an independent reinforcement layer on
a local scale for assessing the susceptibility patterns identified by the RF model at the
corridor scale.

The continuous LiDAR-AHP susceptibility raster was reclassified based on the in-
tersecting RF segments (18 segments) using zonal statistics. The mean AHP value was
calculated for each RF segment. The segments were then classified into four classes (Very
low, Low, Moderate, and High) using the Jenks natural breaks classification technique.

To assess the RF susceptibility classes of intersecting segments, ordinal class-difference
analysis was performed against the LiDAR-AHP classes. The analysis considered three
categories. Exact agreement represented the same class, partial agreement represented a
one-class difference, and total disagreement represented a difference in two or more classes.

3. Results
3.1. Distribution of Geomorphological Instability Scores

Figure 5 shows the spatial distribution of geomorphological instability scores ranging
from 0 to 5 across all 163 analyzed segments. Lower scores (0–2) were more often recorded
in relatively stable areas along the corridor. Higher scores (3–5) were predominantly
observed in areas characterized by steep slopes, road cuts, and exposed limestone outcrops.
The clustering of high scores reflects the presence of geomorphological conditions favorable
for slope instability development within these areas. Using the proposed labeling approach,
only segments having scores greater than or equal to 3 were considered unstable.

3.2. Random Forest Model Performance

The resulting dataset contained a total of 163 segments consisting of 122 stable and
41 unstable segments. Using five-fold stratified cross-validation, the RF model achieved a
mean AUC of 0.783 ± 0.072, indicating acceptable-to-good discrimination ability according
to [33]. The cross-validation results suggest that the model performance remained relatively
stable across different data partitions, supporting the robustness and generalizability of
the RF model for corridor-level landslide susceptibility evaluation. The ROC curve plot
shown in Figure 6 lies above the diagonal reference line, demonstrating that the model
outperforms random classifiers [30].

For the independent test split, the model achieved an Accuracy of 0.735 and an AUC
of 0.725, corresponding to fair discrimination ability according to [33]. Recall was found to
be 0.750, which showed that most of the unstable segments were detected. Therefore, the
probability threshold was set to 0.25 through the threshold sweep analysis to enhance sen-
sitivity in detecting unstable segments. This selection increased false-positive predictions.
The values of Specificity and Cohen’s Kappa coefficient were 0.730 and 0.401, respectively.

Precision (0.474) and the F1-score (0.581) reflect the expected trade-off within a con-
servative susceptibility-screening framework. The confusion matrix produced 27 true
negatives (TN), 9 true positives (TP), 10 false positives (FP), and 3 false negatives (FN), in-
dicating relatively strong sensitivity toward unstable-segment detection. These evaluation
metrics are widely applied for evaluating classification performance under imbalanced
conditions [26,34].
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Figure 6. ROC curve of the RF model (AUC = 0.725).

To determine model stability given the limited number of unstable segments, Monte
Carlo cross-validation (MCCV) was performed using 500 randomly generated train/test
splits. The Random Forest (RF) model achieved a mean AUC of 0.777 (95% empirical
percentile interval: 0.631–0.905) and a mean Precision of 0.418 (0.308–0.542). The mean
Cohen’s Kappa was 0.341 (0.129–0.537). The model also maintained a high Recall, with a
mean value of 0.849 (95% empirical percentile interval: 0.583–1.000). The complete MCCV
results are provided in Supplementary Table S3.

Performance indicators of the predictive models are presented in Table 2, while the
ROC curve is provided in Figure 6. Overall, the RF model demonstrated satisfactory
predictive performance despite the use of geomorphological proxy classes derived from an
inventory-limited dataset.

Table 2. Performance metrics of the RF model under stratified 70/30 train–test validation.

Metric Value

Accuracy 0.735
AUC 0.725

Cohen’s Kappa 0.401
Recall (Unstable class) 0.750

Specificity (Stable) 0.730
Precision (Unstable) 0.474
F1-score (Unstable) 0.581

Probability threshold 0.250

3.3. Feature Importance

Mean NDVI, Maximum slope, Mean elevation, and Mean TWI were found to be the
top predictors, implying that factors like vegetation health, slope steepness, terrain, and
moisture heavily influence the model output.
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The highest importance among all predictors was found for Mean NDVI, with a value
of 0.242. This suggests that NDVI likely acts as a proxy for vegetation cover in terms of
surface disturbance and susceptibility. Lower NDVI values have been observed to represent
exposed surfaces, fracturing, and disturbed slopes, while higher NDVI values represent
stable areas with vegetation growth [35].

To evaluate whether the high importance of Mean NDVI resulted in an over-reliance
on vegetation-related information, an additional robustness analysis was performed. The
Random Forest (RF) model was rebuilt without Mean NDVI. The ROC–AUC value de-
creased slightly from 0.725 to 0.716, while the remaining performance metrics showed
moderate differences. These results indicate that the RF model maintained comparable
predictive performance after excluding Mean NDVI.

The second and third-highest-ranked features were Maximum slope (0.152) and Mean
elevation (0.147), demonstrating how local slope steepness and landform positioning play
significant roles in determining instability. Importance ratings for Mean TWI (0.107) and
Relief (0.089) further indicate the role of moisture storage capacity and elevation differences
in slope failure [36].

Less important factors such as Mean slope, Minimum distance to drainage, Mean
curvature, Minimum distance to road, and Land Use Land Cover (LULC) contributed to
model performance but exhibited comparatively minimal impacts on instability. This could
mean that while roads are important, their influence on slope stability cannot be attributed
to distance from roads alone. Importance ratings for the features are shown in Table 3 and
Figure 7.

Figure 7. RF feature importance showing the relative contribution of conditioning factors to landslide
susceptibility classification.
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Table 3. Feature importance ranking derived from the RF for landslide susceptibility classification.

Rank Feature Importance Score

1 Mean NDVI 0.242
2 Maximum slope 0.152
3 Mean elevation 0.147
4 Mean TWI 0.107
5 Relief 0.089
6 Mean slope 0.075
7 Minimum distance to drainage 0.067
8 Mean curvature 0.060
9 Minimum distance to road 0.034
10 LULC 0.026

3.4. Corridor-Scale Susceptibility Patterns

Following the procedure described in Section 2.8, the corridor-scale susceptibility map
(Figure 8) reflects RF probabilities generated for all 163 segments. These values differ in
scope from the independent test-set metrics reported in Table 2 (Section 3.2). The map shows
the spatial pattern of predicted instability along the ~20 km road corridor. The segments
were divided into four susceptibility levels using the Jenks Natural Breaks classification:
Very low, Low, Moderate, and High. High predicted probabilities of instability were
observed for Seg 135 (RF probability = 0.9137), Seg 152 (RF probability = 0.897), and Seg
149 (RF probability = 0.894). Seg 92 and Seg 98 followed these segments. These segments
are considered the most susceptible places along the road corridor, hence making them the
priority for monitoring and field inspection.

 

Figure 8. Corridor-scale RF susceptibility map showing 163 segments classified into four Jenks-based
susceptibility classes (green = Very Low, yellow = Low, orange = Moderate, red = High). Class value
ranges are provided in the map legend.
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The spatial distribution of susceptibility reveals clusters of moderately and highly
susceptible segments in different parts of the road corridor. These susceptibility clusters
share similar slope and geological characteristics. They are located in areas with steep
slopes and exposed rock surfaces.

However, several other segments with low levels of visual instability also demonstrate
high levels of RF probability. For instance, Segs 53 and 163 have an overall score of 0 but
RF probabilities above the selected threshold of 0.25. This implies that instability-related
conditions may be present in these segments without visible manifestation.

Analysis of RF predictions with respect to geomorphological scores indicated that
20 segments classified as unstable had scores of ≤2. In contrast, only 3 segments with
scores of ≥3 were classified as stable. These segments usually had low vegetation cover,
steep local slopes, and increased moisture conditions. This suggests that the RF model may
identify potentially susceptible segments without clear geomorphological evidence. These
segments therefore warrant attention under a risk management approach.

3.5. Reinforcement Within the 2 Km LiDAR Subsection

The comparison between the susceptibility models based on RF and LiDAR–AHP
methods (Figure 9) demonstrates generally high agreement in the overlapping portion of
the study area. This finding is supported by the statistical measures reported in Table 4.
The comparison was performed for 18 overlapping segments, taking into consideration
four categories of ordinal class ranking (Very low, Low, Moderate, and High).

Table 4. Agreement statistics between Random Forest and LiDAR–AHP classifications within the
overlapping ~2 km subsection.

Agreement Category Class Difference Number of Segments Percentage (%)

Exact agreement 0 5 27.8
Partial agreement 1 11 61.1

Disagreement ≥2 2 11.1
Exact + Partial

agreement * ≤1 16 88.9

* Exact and partial agreement together represent segments differing by no more than one susceptibility class.

From the 18 segments, 5 segments (27.8%) show perfect agreement between RF and
LiDAR–AHP methods. Another 11 segments (61.1%) exhibit partial agreement with a one-
class difference. Agreement between these two models is not observed in only 2 segments
(11.1%). Generally, the total percentage of agreement was calculated at 88.9%. Nonetheless,
the findings should be interpreted with caution owing to the small sample size (n = 18).

However, it is important to note that the susceptibility classes for the RF and LiDAR–
AHP models were independently determined using the Jenks natural breaks method.
Consequently, the same ordinal classes (Very low, Low, Moderate, and High) were assessed,
but their numerical boundaries differed (Supplementary Table S2). This non-equivalence
may have slightly inflated or deflated the observed agreement between the two approaches.

The analysis of agreement shows that the segments having complete and partial
agreements were predominantly located in areas characterized by steeper slopes close to
roads and exposed fractured limestone bedrock. This confirms that the results obtained in
this study were strongly influenced by geomorphological parameters. The majority of the
partial agreements were found between adjacent susceptibility classes.

Disagreements are most probably caused by the high sensitivity of the digital topogra-
phy produced by the LiDAR dataset to local topographic variations. These variations are
not represented by the corridor-scale terrain features used by the RF model.
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The results suggest that the RF method performs consistently well in landslide
susceptibility hazard assessment within the study corridor. In contrast, the LiDAR-
AHP technique allows the recognition of finer-scale differences in slope conditions and
potential instabilities.

 

Figure 9. LiDAR–AHP reinforcement analysis within the overlapping ~2 km subsection: (a) LiDAR–
AHP susceptibility raster; (b) LiDAR–AHP susceptibility classes; (c) RF susceptibility classes; and
(d) agreement map. Class colors and value ranges are provided in the legend of each panel.

4. Discussion
4.1. Model Performance and Suitability for Corridor-Scale Analysis

RF analysis performed consistently well in evaluating landslide susceptibility at the
corridor scale, especially in mountainous road settings characterized by fractured limestone
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and road-cut slopes [3]. Segment-based mapping increases physical consistency in hazard
source delineation by considering upslope areas rather than random raster cells.

Despite the relatively small sample size (n = 163), the controlled geological envi-
ronment and physically relevant variables provide adequate information to conduct RF
screening at the corridor scale. The method achieved an AUC score of 0.725, a Recall of
0.750 (Figure 6; Table 2), and an average cross-validation AUC score of 0.783 ± 0.072. These
results demonstrate its effectiveness in identifying unstable segments at the corridor scale
under an inadequate landslide inventory. Therefore, the proposed method is viable for
susceptibility screening.

Based on the MCCV results, the RF model demonstrated acceptable discrimination
across repeated randomly generated data partitions. The mean AUC of 0.777 and the mean
Recall of 0.849 were slightly higher than the corresponding values for the independent test
set (0.725 and 0.750, respectively). However, the mean Precision of 0.418 and the mean
Cohen’s Kappa of 0.341 were slightly lower than the corresponding values of 0.474 and 0.401.
This variability is expected because each stratified test subset contained approximately
12 unstable segments. Therefore, the classification of only a few segments could noticeably
affect threshold-dependent metrics, including Precision, F1-score, Specificity, and Cohen’s
Kappa. The higher Recall and lower Precision are consistent with the selected probability
threshold of 0.25, which favored the detection of unstable segments.

The adopted probability threshold of 0.25 further increased the detection rate of
instability. In infrastructure risk assessment, missed instabilities might directly affect road
stability and thus represent additional risk [37,38]. High probabilities were calculated in
some areas with low visual instability scores. This demonstrates that the RF approach
considers terrain features related to instability beyond those included in the labeling process.
Overall, the achieved results indicate that RF presents a physically interpretable approach
to susceptibility screening along the studied corridor.

4.2. Interpretation of Dominant Conditioning Factors and Susceptibility Patterns

According to the feature importance analysis shown in Figure 7 and Table 3, four
groups are the predominant variables affecting model predictions. These are vegetation con-
dition (Mean NDVI), slope geometry (Maximum slope), terrain position (Mean elevation),
and moisture-related factors (Mean TWI).

Given the high significance of the Mean NDVI factor, vegetation condition acts as an
indirect proxy for disturbance and slope instability. Low values of NDVI are linked to the
exposure of rock surfaces, disturbed landforms, and low vegetation coverage, while high
values reflect relatively stable slope landforms [39]. This conclusion correlates well with
the field observations and unstable slope segments illustrated in Figure 3.

The robustness analysis further showed that excluding Mean NDVI resulted in only
a slight reduction in model performance. This suggests that Mean NDVI was the most
influential predictor, but the RF model did not rely solely on vegetation-related information.
The remaining topographic and hydrological conditioning factors continued to provide
substantial predictive capability.

To further evaluate the role of vegetation condition, Mean NDVI distributions were
compared between stable and unstable segments (Supplementary Figure S2). Stable seg-
ments exhibited higher Mean NDVI values (mean = 0.187 ± 0.060; range = 0.092–0.342) than
unstable segments (mean = 0.143 ± 0.035; range = 0.100–0.295). The difference between the
two groups was statistically significant (Mann–Whitney U test, p < 0.001) [40], providing
empirical support for the high ranking of Mean NDVI in the RF feature-importance analysis.

Maximum slope had a higher significance level than Mean slope. This indicates that
the local slope gradient had a greater effect on triggering instability than the mean slope
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gradient at the segment scale. The parameters Mean TWI and Relief highlight the impact
of moisture accumulation and topography on instability [39].

As depicted in Figure 8, the susceptibility maps at the corridor scale reveal a noticeable
clustering of moderate to high susceptibility classes in the steeper and more topographically
complex parts of the corridor. Some segments that lack geomorphological expression show
higher probabilities as well, indicating that these segments might be prone to instability
without showing geomorphological evidence.

These results are consistent with previous landslide susceptibility studies conducted
in northeastern Iraq and the Kurdistan Region. These studies highlighted the roles of
slope morphology, lithology, and geological structures in the development of instability
patterns [8,9,41].

4.3. Reliability, Reinforcement, and Multi-Scale Consistency

The geomorphology labeling scheme adopted reflects an example of a proxy-based
classification methodology carried out under constrained inventory circumstances. While
interpretative uncertainty may be inevitable to some extent, the application of standard
binary measures and scores enhances reliability across all segments [5].

This further enhances the credibility of the classification approach through the LiDAR-
AHP validation analysis (Figure 9; Table 4). It provides an independent basis for compar-
ison of both approaches at high resolution. The high degree of exact and partial agree-
ment found between the two methods demonstrates strong spatial agreement within the
common subsection.

Given the few disagreements (11.1%), the RF model exhibits overall consistency in
identifying corridor susceptibility. However, high-resolution LiDAR data are more sensitive
to topographical and structural nuances within local microtopography than corridor-scale
RF predictors. This may explain the few areas of disagreement.

This is expected because corridor-level RF predictors capture segment-level conditions.
In contrast, LiDAR-based Susceptibility surfaces capture localized slope and topographical
variations within individual segments. This indicates that both RF and LiDAR-AHP models
generate complementary spatial perspectives at the corridor and local scales.

4.4. Limitations and Future Research

Several limitations must be accounted for while analyzing the results. First, the dataset
under analysis is not large (163 segments). The labeling scheme used is geomorphologically
based and does not include a full inventory of landslides. Accordingly, the labeling scheme
involves uncertainty due to the geomorphological interpretation of remote sensing imagery.
This uncertainty is particularly relevant when unstable morphologies occur only partially.
Finally, the analysis is confined to a fractured limestone zone, and thus its application
might not be universal in geological terms.

Although field observations indicated that the exposed road-cut slopes are predom-
inantly characterized by fractured carbonate rocks, local variations in rock composition,
bedding, and structural fracturing may still exist. These variations were not explicitly
quantified. Therefore, the applicability of the proposed framework to areas with greater
geological heterogeneity should be evaluated carefully.

This was an intentional choice in the methodology to exclude lineament density. Even
if the corridor itself is structurally controlled, there may be a potential for interpretation
error when extracting structural lineaments from imagery at this scale [22]. Therefore,
physical and hydrological predictors were emphasized over unreliable structural ones.

The LiDAR–AHP reinforcement method is also constrained by its application to an
overlapping section of about 2 km and is not applied throughout the corridor. Further
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studies on this subject should extend the high-resolution LiDAR data range, use multi-
temporal data, and assess other environmental controls, such as rainfall and seismicity.
Testing the applicability of the proposed framework on other mountainous corridors would
also be helpful.

5. Conclusions
In summary, the results from this research show that a segment-based Random Forest

approach is an efficient means of conducting landslide susceptibility assessment at the
corridor scale. The approach is intended for narrow road corridors within mountainous
regions with limited inventory data. A combination of geomorphological indicators and
physical variables ensures both interpretability and accuracy.

The RF model demonstrated fair discrimination ability and useful screening capability,
achieving a mean five-fold stratified cross-validation AUC of 0.783 ± 0.072 and an inde-
pendent test AUC of 0.725. The model was also able to detect potentially unstable areas
while reducing false negatives. Feature importance analysis revealed the controlling factors
of slope instability, which include vegetation conditions (Mean NDVI), slope character-
istics (Maximum slope), topographic position (Mean elevation), and moisture processes
(Mean TWI).

Inclusion of a high-resolution LiDAR-AHP dataset as a reinforcement layer can be
viewed as a significant achievement of the research. It allowed the development of a multi-
scale reinforcement strategy for analyzing RF susceptibility patterns at the corridor scale.

Analysis of the reinforcement demonstrated a high degree of spatial correspondence
between RF and LiDAR-AHP classifications, which is characterized by a large proportion
of areas with exact and partial agreement. Small discrepancy values also provide evidence
of the physical consistency of the susceptibility patterns modeled using RF and LiDAR-
AHP data.

The suggested framework has been designed with consideration of its practical utility
for hazard analysis and infrastructure hazard management. This design ensures the physi-
cal interpretability and applicability of the framework for landslide susceptibility mapping
along the corridor.
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F1-score and Youden’s J statistic among the evaluated thresholds; Figure S2: Box plot comparing
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circles represent outliers.
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